Summary: We present a simple but powerful procedure to extract Gene Ontology terms that are significantly over or under-represented in sets of genes within the context of a
Most resources available that collect information regarding gene or protein function, biological properties, etc., are based on the pre-genomic design in which the information is acceded and displayed in a one-gene-at-a-time format. Nevertheless, many problems related to functional genomics involve the detection of biological properties, functions, etc., shared by a set of genes, that sets them aside from the remaining ones. The practical application of methods of pre-genomic design to these problems is drastically limited when thousands of genes are involved in the comparative study. The use of techniques of automatic management of biological information, such as text mining, in studying the coherence of gene groups obtained from different methodologies has only recently been addressed (Oliveros et al., 2000; Raychaudhuri et al., 2002; Pavlidis et al., 2002) , although its practical application still has many drawbacks (Blaschke et al., 2002) . Furthermore, real implementations are often scarce and beyond the reach of many users.
An alternative to extracting information from scientific text sources is by using ontologies. In its most simple representation, ontologies provide a structured description of biological information that is extremely useful for computational management. One of the most widely accepted ontologies is Gene Ontology (GO; Ashburner et al., 2000) , which organises information for molecular function, biological processes and cellular components for a number of different organisms. The potential of GO terms as a structured source of information however, has yet to be fully exploited.
Here we present FatiGO, a web-based application (http://fatigo.bioinfo.cnio.es). Since the publication of FatiGO in the GO consortium web page (http://www.geneontology.org) less than a year ago, a number of tools have been implemented based on the same idea of mapping biological knowledge on sets of genes.
Thus, Onto-Express (Khatri et al., 2002) , which generates tables that correlate groups of genes to biochemical and molecular functions or MAPPFinder (Doniger et al., 2003) , which, using a searchable web interface, identifies GO terms over-represented in the data. A similar tool, FunSpec (Robinson et al., 2002) , evaluates groups of yeast genes in terms of their annotations in diverse databases. Many of these tools are stand-alone applications with user-friendly interfaces but obviously suppose limitations in processing large amounts of data. Moreover, important issues such as the multipletesting nature of the statistical contrasts are not well addressed.
FatiGO is used to extract relevant GO terms for a group of genes with respect to a set of genes of reference (typically the rest of genes). The terms are considered to be relevant by the application of a Fisher's exact test that considers the multiple-testing nature of the statistical contrast performed. Multiple testing is an important issue that is, nevertheless, scarcely addressed (Slonim, 2002) . If the multiple-testing nature of the statistical contrast is not taken into account an increase in the rate of false positives (i.e., terms identified as over or under-represented whose proportions, in reality, are not significantly different), occurs. FatiGO can deal with thousands of genes from different organisms (currently human, mouse, drosophila, worm, yeast, as well as genes whose proteins are included in Swissprot database), and can be queried using different gene identifiers (GenBank ID, Unigene, ENSEMBL, systematic name, Swissprot/TrEMBL).
FatiGO uses tables of correspondence between genes and their corresponding GO terms. The program can be used to list the proportions of GO terms in a set of genes.
The output links the genes to the corresponding databases and the GO terms to AmiGO, a GO browser (http://godatabase.org/). that a) there is a different ID because it has been merged to another cluster and has taken its ID and that, b) there is more than one ID because the cluster has split into several clusters, and that c) the unigene cluster has been withdrawn from the database.
On the other hand, unigene IDs are easy to parse (they are "Hs." or "Mm." followed by a number) which is convenient for processing files of DNA microarray results in which the ma nufacturers tend to include the unigene code among other additional information.
Gene associations include all evidence codes. Part of them, the Inferred from Electronic Annotation, have been automatically assigned without the intervention of human curators, so they are less reliable (see the GO evidence code documentation at http://www.geneontology.org/doc/GO.evidence.html).
The FatiGO tool can be used to find GO terms that are over and under-represented in a set of genes with respect to a reference group. Once both sets of genes have been uploaded (as lists of gene Ids) the GO level at which the statistical contrast is going to be performed must be chosen. Deeper terms in the GO hierarchy are more precise.
Obviously, the number of genes with annotations decreases at deeper GO levels. GO level 3 constitutes a good compromise between information quality and number of genes annotated at this level (Mateos et al., 2002) . For genes annotated at deeper levels than the selected level, FatiGO climbs up the GO hierarchy until the terms for said level are reached. The use of the parent terms increases the sizes of the classes (genes annotated with a given GO term), making it easier to find relevant differences in distributions of GO terms among clusters of genes. The information is not lost and can be recovered later. In the instance of repeated genes (something common in microarray data) only one is used. Once the collections of GO terms corresponding to the two data sets of genes are prepared, a Fisher's exact test for 2x2 contingency tables is applied.
FatiGO returns adjusted p-values based on three different ways of accounting for multiple testing. One of them is the step-down minP method of Westfall & Young (1993) . This method provides control of the family wise error rate (i.e., the probability of making a Type I error rate over the family of tests). Adjusted p-values were also calculated using the False Discovery Rate (FDR), that is, the expected number of false rejections among the rejected hypothesis can be cont rolled. The FDR method of Benjamini & Hochberg (1995) , which offers control of the FDR only under independence and some specific types of positive dependence of the tests statistics, and the FDR method of Benjamini & Yekutieli, (2001) which offers strong control under arbitrary dependency of test statistics were also implemented in FatiGO (see also Dudoit et al. 2002 and Reiner et al. 2003) .
A permutation test that preserves the pattern of among-GO co-variation in the calculation of the adjusted p-values was used. with the most significant differences.
As previously mentioned, the growing interest by functional genomics makes more evident than ever the necessity of methods for studying properties shared by groups of genes that have a common behaviour. Direct use of biological information extracted from biomedical literature (Oliveros et al., 2000; Jenssen et al., 2001; Raychaudri et al., 2002 ) for studying such properties still supposes serious drawbacks (Blashke et al., 2002) . One of them is that unless preprocessing is carried out, the volume of information to deal with is excessive for common on-line, interactive applications. The advantage of using GO terms is that interactivity is feasible, as our implementation, Ontologies can be used as a quick and efficient information mining tool for the identification and validation of clusters of co-expressing genes studied (Pavlidis et al., 2002; Mateos et al., 2002) . To facilitate this use, FatiGO is coupled with the clustering programs of the GEPAS (http://gepas.bioinfo.cnio.es), a suite of programs for microarray gene expression data analysis (Herrero et al., 2003) .
We are currently implementing different types of biological information which include
Interpro functional motifs, OMIM terms for diseases, protein interactions, pathways, etc. Finally, more organisms will be included as soon as their corresponding genomic projects produce high quality annotation results.
